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Abstract
The application of energy monitoring in buildings brings along an increasing availability of measurements of the energy flows 
and temperatures in buildings at rather short time intervals. By processing these measurement data using system identification 
techniques, the thermal characteristics of the building envelope can be unveiled. In this paper, the use of grey-box state space 
models for the characterization of the heat loss coefficient of an unoccupied single-family test house is investigated. The house is 
one of the Twin Houses at the Fraunhofer Institute for Building Physics IBP in Holzkirchen (Germany), where a high quality 
experimental data-set was made available after a heating experiment in the framework of IEA EBC Annex 58.
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1. Introduction
The growing interest in the energy performance of buildings brings along questions about the real performance of 
both newly constructed and existing buildings. While building simulations are useful to estimate the building energy 
performance during the design phase, these theoretical results often differ significantly from the real energy 
performance, for example because of deficiencies introduced during construction or use of the building. On the other 
hand, real energy use data become more and more available through the increasing application of energy monitoring 
in the building sector. By application of inverse modelling techniques on these real energy use data, information 
about the real energy performance of the building could be unveiled. 
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In the framework of the IEA EBC Annex 58 on “Reliable Building Energy Performance Characterisation Based 
on Full Scale Dynamic Measurements”, heating experiments on a single-family test house were undertaken. The 
heat use and temperatures of the unoccupied building were monitored during different experimental conditions,
including periods with constant indoor temperature, with a ROLBS heating sequence and free-floating conditions.
The experimental data-set, that was primarily intended for a building energy simulation tool validation exercise, was 
also made available for an exercise on the identification of the thermal characteristics of the test house.
In this paper, one of the studies relating to this identification exercise is presented. The goal of this study is to 
investigate the use of grey-box state-space models, in which a priori physical insights are combined with the 
experimental data to identify the characteristics of the building. The search for a model that is suitable from both
physical and statistical point of view is elaborated. The influence of the type of measurements that are included in 
the model, the frequency of the experimental data and the experimental conditions on the model selection and on the 
reliability of the resulting parameter estimations are explored.
2. Twin Test Houses
Fig. 1. Twin Test House with experimental zone hatched (a) map of the ground floor; (b) cross section (cellar, ground floor, attic)
The house is one of the two identical Twin Test Houses located at the Fraunhofer Institute for Building Physics 
IBP in Holzkirchen (Germany). It is an unoccupied single-family house with a 100 m² ground floor, a cellar and an 
gable roof with an attic space (see Fig. 1). The house has a moderate insulation level, resulting in U-values between 
0.19 and 0.28 W/m²K for the exterior walls, ground floor, ceiling and roof, and 1.2 W/m²K for the windows. The 
n50 air change rate at 50Pa pressure difference was 1,6/h for the entire ground floor and 2.2/h for the experimental 
zone. In the experimental zone, a mechanical ventilation system with heat recovery is applied. The house is heated 
by use of electric resistance heaters. For the second heating experiment, that took about 40 days during Spring 2014, 
the house was divided in two zones. One zone, called the boundary zone, consists of the cellar, attic and the three 
northern rooms, and is maintained at a constant temperature of 22°C throughout the experimental period. The 
second zone or experimental zone consists of the living room, corridor, bathroom and children’s room and is 
subjected to a test sequence that includes a period of constant indoor temperature of 30°C, followed by a period with 
heat injections following a ROLBS-sequence, again a period of constant indoor temperature of 30°C and finally a 
period with free-floating conditions. During the experiment, the heat inputs, indoor and weather conditions were 
comprehensively monitored. The experimental data-set is available with 10 minutely-averaged and hourly-averaged 
data. A full description of the properties of the house and the experimental setup can be found in Kersken et al. [2].
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3. Methods
The identification of the heat loss coefficient of a building based on measurement data is commonly done using
linear regression methods. However, when applying these non-dynamic methods, it is needed to use daily up to 
weekly averages of the data, in order to get rid of short term dynamic effects (e.g. due to solar radiation). 
Consequently also longer measurement periods are required: for example in the non-dynamic methods described by 
Santamouris, measurement periods of 3-10 weeks are needed [4]. When only shorter measurement periods are 
available or when dynamic parameters are to be estimated, the dynamics of the building energy use should be taken 
into account. One way to model dynamic systems is using grey-box state-space models, where a priori physical 
insights are combined with information embedded in the measurement data for estimation of the parameters. The 
physical insights in the operation of the system are formulated in first-order stochastic differential equations and the 
data-driven part of the model is in a discrete time measurement equation. The parameters from the stochastic linear 
state-space model are estimated using the maximum likelihood function and statistical tests are applied to check the 
suitability of the model in relation to the data that are used. Finally also the physical quality of the parameters should 
be evaluated.  A more extensive explanation of this type of grey-box models can be found in [3].
In the present study a forward selection strategy is used during the model building: starting from a rather small 
and simple grey-box model, in which a lot of parameters are lumped, the amount of inputs, parameters and states is 
gradually increased until a suitable model is found [3]. The computer program package CTSM-R is used to estimate 
the model parameters [5]. Each model is checked statistically using the likelihood ratio test, the cumulative 
periodogram of the residuals, the auto-correlation plot of the residuals, the cross-correlation plots of the residuals 
with the most important inputs, and by observation of the plots of the data and residuals. Finally, for the better 
models, the parameter estimations are compared and interpreted.
4. Results and discussion
The goal of this exercise is to identify the heat loss coefficients of the experimental zone of the test house, 
consisting of the heat loss coefficient to the external He and the heat loss coefficient to the boundary zone Hb. In 
Table 1 the physical parameter values are roughly estimated by use of the specifications of the house, that are based 
on the geometry, technical information of the materials and results of the quality assurance tests [2]. 
     Table 1. Estimation of the thermal characteristics of the house 
An example of a column heading H (W/K) C (MJ/K)
Heat losses through transmission to the exterior 32
Heat losses through transmission to the boundary zone 73
Heat losses through infiltration from the exterior and boundary zone 9
Heat losses through mechanical ventilation 12
Thermal Capacity of the exterior envelope 20
Thermal Capacity of the boundary walls 90
Thermal Capacity of the walls within the experimental zone 9
4.1. Parameter estimation using ARX-model on data from the experiment at constant indoor temperature 
An autoregressive model with exogenous inputs (ARX) is applied to the measurement data of the two periods of 
the constant temperature experiment. Dataset ARX-P is a 5 days period at the beginning of the experiment, and 
ARX-Q is a 5 days period right after the period that the ROLBS-experiment was applied. The ARX-model is:
߮(ܤ)݄ܲ௧ = ߱௘(ܤ)ο ௧ܶ௜ି௔ + ߱௕(ܤ)ο ௧ܶ௜ି௕ +߱௦(ܤ)ܲݏ௧ + ߝ௧                                                                                  (1)
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in which Ph is the heat input of the heaters, ο ௧ܶ௜ି௔ is the temperature difference between the experimental zone and 
the exterior, ο ௧ܶ௜ି௕ is the temperature difference between the experimental zone and the boundary zone and Ps is the 
global horizontal solar radiation. All the inputs and outputs are time series of the data. ߮(ܤ) is an output polynomial 
of the 1st order and ߱௘(ܤ), ߱௕(ܤ) and ߱௦(ܤ) are input polynomials with order 0. The resulting estimations of the 
heat loss coefficients He and Hb are illustrated in Fig. 2. It is found that they result in a relatively good 
correspondence with the calculated estimations in Table 1. However the confidence intervals are quite large. 
Fig. 2. Estimates of the heat loss coefficient to the exterior He and the heat loss coefficient to the boundary zone Hb
4.2. Grey-Box Model with 3 State variables on data from the experiment with ROLBS-heating sequence
A grey-box model is now initiated for application of the experimental data during the 15 days ROLBS-heating 
sequence. The model has three state variables that represent the temperature of the interior Ti, a temperature in the 
building envelope Te and a temperature in the walls and floors to the boundary zone Tw. The dynamics of the 
building are now described using stochastic differential equations that include the states as well as a number of 
parameters and inputs. These are added to the model one by one, and selection is based on the statistical quality of 
the model. For one of the preliminary models, named TwTb_TiPhPs_TeTa, the residuals and the inputs are plotted in 
Fig.3-a. In a good model, one would expect that the residual plots represent a white noise signal, while in this 
model, the correlation of the residuals with the heater signal Ph and with the solar radiation signal Ps are very clear. 
After exploring this issue, scaling the system noise in relation to p seems a good solution, where p is an input that 
is related to the on-and off-switching of the electric heaters: during the time step before and 3 time steps after the 
heater is switched on or off , p = 1 and for the rest of the time, p = 0. The reason for this scaling is that at the 
moment of the heater switch, it is difficult to fit the model to the data due to specific phenomena, which leads to 
unreliable estimates of the parameters. Using the system noise scaling, the estimation procedure is not too much 
focused on these switching periods, and both the statistical and physical quality of the model improve.
In Fig.3-b the residual plots of a second model, TwTbPs_TiPhPs_TeTa-p (with p in the system noise), proves that 
the Ph-related peaks are diminished. The remaining irregularities in the residuals are correlated with the variations 
in solar radiation (e.g. due to clouds passing by), rather than to the solar radiation on a certain surface. Therefore the 
addition of solar radiation on specific surfaces will not solve this issue, and finally it is decided to also add an input 
signal s to the system noise term, that is related to sudden variations in solar radiation in short-term. After continued 
model selection, the final model Tw1Tb_Tw2Ps_TiPhPsgsPsge_TeTa-ps includes p and s in the system noise, as 
well as a second state in the boundary wall and is described by the following equation-set:
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in which Ph is the heat input and Ps is the global horizontal solar radiation. Ci, Ce, Cw1 and Cw2 represent 
effective thermal capacities. Rie and Rae are the heat resistances of the exterior wall (in series) and Riw, Rww and 
Rwb are the heat resistances of the lumped boundary wall (in series). The terms dw1, dw2, dw3 and dw4 in the four
differential equations are called the system noise terms and represent a stochastic Wiener process. In the discrete 
time measurement equation (6), k is the point in time tk of the measurement, Yk is the measured interior temperature 
and ek is the measurement error. 
Fig. 3. Plots of the inputs and residuals for the different models
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In Fig.3-c, the residuals become smaller and closer to white noise. Also the statistic tests indicate a quite good 
model quality, for example the (log)likelihood value has also increased significantly during the modelling process, 
from 1236 for the first model (a), over 2829 for the second model (b) to 3684 for the last model (c). 
In Fig. 2 the estimates for the heat loss coefficients are depicted for application of the second and third grey-box
model on the ROLBS-dataset. The difference between these two models are small, and because of the statistical test 
results, the third model is assumed to be the best model. The heat loss coefficient to the exterior He is estimated 
between 31 and 33 W/K. That is similar to the results of the ARX-model and close to what is expected from the 
manual calculations, considering that the ventilation losses are not included in this parameter, and that the 
infiltration losses to the exterior are in the order of magnitude of 2 W/K. On the other hand, the heat loss coefficient 
to the boundary zone Hb is estimated around 136 W/K, which is outside the estimations of the ARX-model and 
physically impossible given the manual calculations (even assuming that all ventilation losses would be lumped into 
this parameter). Moreover, while the heat loss coefficients in model 2 and 3 are quite similar, the estimations of  the 
effective thermal capacity are completely different. While Ceff,e and Ceff,b are estimated respectively around 19 and 
5,4 MJ/K in the 2nd model, they are 0,35 and 34 MJ/K for the third model. 
Since a comprehensive amount of measurements is available for this case-study, the sensitivity of the estimated 
parameters to the used measurements is tested by use of different subsets of the data, consisting of different 
combinations of measurements for the input parameters Ti and Tb (see Table 2). It is found that the difference 
between the parameter estimates is below 7W/K for the three subsets and the confidence intervals overlap.
Therefore the selected measurements cannot explain the diverging estimates for Hb and the effective thermal 
capacities. Subset C is found to give the results with the smallest confidence interval and the highest likelihood 
value. This subset is also used throughout this paper.
Table 2. Measurement data used as model-input for Ti and Tb in datasets A, B and C
Measurement data used A B C
Ti Indoor temperature in the middle of the living room X
Volume-weighted average of the indoor temperatures of the different rooms X X
Tb Wall-area weighted average of the temperatures of the boundary rooms X X
Temperature of the cellar X
5. Conclusions
This paper illustrates the application of grey-box models for the identification of the heat loss coefficient of a 
single-family house based on short term monitoring data. While the estimate of the heat loss coefficient to the 
exterior He is within the range of expectations, the grey-box models fail to estimate of the heat loss coefficient to the 
boundary zone Hb and the effective thermal capacities. This could be due to the set-up of the experiment, in which 
the boundary zone is kept at a constant temperature. On the other hand, both He and Hb can be estimated roughly by 
use of ARX-models on 5 days data while both zones kept at a constant, but different, indoor temperature. 
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